• Drying curves of paddy were modeled using mathematical and ANN modeling techniques • Among the applied models, the Midilli model was determined as the best one describing drying curves • ANN with 4-10-14-1 topology, tansig transfer function and LM algorithm provided the best results • ANN modelling had better performance in prediction of drying curves
mended they should be kept at 13 mass% for storage and in the range of 10-13 mass% for milling [2] . Therefore, immediate and proper drying of the freshly harvested grains is essential for high quality grains.
Open sun drying is the traditional method still used for dehydrating agricultural products due to some advantages, e.g., simplicity and low costs. However, it poses some serious problems, e.g., long drying time, dust and microbial contamination as well as fluctuation in the quality of the dried materials. To overcome these problems, industrial drying equipment has been employed. Over recent decades, to dehydrate different agricultural and food products, various artificial methods such as convective hot air drying, microwave drying, vacuum drying, infrared drying, etc., have gained popularity as alternative drying techniques. Recently, some new methods such as continuous fluidized bed microwave drying [3] , super-heated steam fluidized bed drying [4] and spouted bed drying [5] are reported as energy and quality efficient drying methods for paddy. However, their usage in industrial setting is still limited and fixed deep bed hot air dryers are the most common method used for paddy drying [6] .
Mathematical modelling is widely used to predict drying behaviour of materials being dried, design new dryers, and control of the process. Theoretical, semitheoretical and empirical models are the key proposed mathematical models used to describe the drying behaviour of agricultural materials. Theoretical models are built based on the understanding of the fundamental phenomena and mechanisms involved during drying process, whereas the two other models are built by fitting model parameters to experimental data. Although theoretical simulations could give an explanation for phenomena occurring during the process, they are more difficult to execute and require a substantial amount of computing time. The empirical models are derived from a direct correlation between moisture content and drying time and neglect fundamentals of drying process. The semi-theoretical models offer a compromise between theory and ease of application and generally are derived from direct solution of Fick's second law by assuming some simplifications [7] . To date, several researchers have investigated regression modelling of various agricultural and food products drying curves, e.g., sweet cherry [8] , rapeseed [9] , pomegranate arils [10] , onion [11] , mushroom [12] , potato [13] , tomato [14] and red seaweed [15] .
Artificial neural network (ANN) is a mathematical model for human perception and inspired by biological neural systems. Generally, artificial neural network is a famous tool to simulate complex and non--linear problems. It has brilliant capability to accommodate several input variables to estimate several output variables, even without prior information of the process relations [16] . These networks are important tool being increasingly applied for process control and for a variety of other areas including dynamic modelling, prediction and fault analysis of processes [17] . Lately, several researchers have used the ANNs modelling methods to simulate drying process [17] [18] [19] [20] [21] .
Although many researchers have simulated the drying process using mathematical models and ANNs, no study considered different thin layers of drying bed, as a critical parameter, in the deep-bed grain dryers. The main objectives of the presented study were to determine the suitable mathematical model and ANN topology for prediction of variations in the grains moisture ratio of different thin layers in the deep bed column of rough rice during hot air drying, and compare the performance of the applied modelling techniques in prediction of drying curves.
EXPERIMENTAL
The common rough rice variety in Isfahan province (central Iran), namely Sazandegi, was selected for the study. Fresh rough rice samples were sealed in polyethylene bags to avoid moisture variation due to evaporation, and stored at 4-6 °C until the experiments were conducted. Prior to each drying experiment, the samples were placed in the laboratory for 4 h to warm up at room temperature. The initial moisture content of the samples was determined using ASAE standard (2001) [22] , and applying Eq. (1):
where W d and W 0 are the mass (g) of dried and fresh samples, respectively. The average value for paddy moisture content was obtained approx. 29.9 mass%. Drying conditions were selected for different combinations of drying air temperature (40, 50, 60 and 70 °C), and drying air velocity at two levels of 0.4 and 0.9 m s -1 . Drying time of 100 min was selected for each experiment.
A novel drying column (made of a Plexiglas cylinder with 20 cm in height, 14 cm internal diameter and 5 mm thickness) was fabricated in order to separate the drying bed into four easily removable individual thin layers (each of 5 cm height). The layers of drying column; marked by numbers 1 to 4 from bottom to the top, were filled with wet rough rice and weighed on a digital laboratory balance (Sartorius 18100P with accuracy of 0.01 g, Sartorius Co., Germany). Then, the layers were attached together according to their numbers, as if they were a drying column with a height of 20 cm. The drying chamber was removed in 5 min intervals, the layers were separately weighed, and the instantaneous moisture content for each layer was computed using Eq. (2) [23] :
where M and M 0 are the moisture content at any given time and the initial moisture content, respectively.
Also, W and W 0 are the weight of the samples at any given time (g) and the initial weight of the fresh samples (g), respectively.
Using Eq. (3), the moisture content data were converted to dimensionless moisture ratio (MR) [24] :
where M e is the equilibrium moisture content obtained by drying the paddy at the applied air temperatures and velocities until constant weight.
Mathematical modeling
To describe the drying curves of the samples, nine most widely used mathematical models (listed in Table 1 ) were selected. Curve fitting tool of MATLAB 7.10 (MathWorks, Inc., Natick, MA) and nonlinear regression technique were applied to fit the models to the experimental moisture ratio data. The fit goodness of the mathematical models was evaluated and compared in terms of two famous statistical factors including root mean square error (RMSE) and chi-square (χ 2 ). These parameters are defined as stated in literature [24] :
where MR exp,i is the i-th experimental moisture ratio, MR pre,i is the i-th predicted moisture ratio, N is the observation number and Z is the number of constants.
Amongst models, the model having minimum RMSE and χ 2 was selected as the best one to describe the drying curves.
Artificial neural networks (ANNs) modelling procedure
In this study, multilayer feed-forward back propagation neural networks (MFBPNNs) were used. Although multilayer feed-forward neural networks (MFNNs) are popular structures among artificial neural networks widely used to predict and control food processing operations and solve complex problems by modelling complex input-output relations, these networks often end up being over trained and adopt trials-and-errors to seek for possible values of parameters for convergence of the global optimum [25] . The back-propagation learning algorithm (BPLA) is a widely used method for MFNN learning in many applications with the great advantage of simple implementation [26] . Using the gradient-descent search method to adjust the connection weights, in the learning process, it increases the ANNs accuracy. The back-propagation ANNs have been successfully used by some researchers in diverse applications, e.g., pattern recognition, location selection and performance evaluations [27] [28] [29] .
To predict the variations in paddy moisture ratio changes versus drying time, the input layer consisted of four datasets of inlet air temperature, inlet air velocity, drying bed depth and drying time. To select for the best network architecture, several network configurations and various model parameters, including the number of hidden layers, the number of neurons in the hidden layers, different transfer functions, and the training algorithms, might be evaluated [30] . In this study, three and four layer network configurations of ANNs and the hyperbolic tangent sigmoid (Tansig) and log sigmoid (logsig) transfer functions were used. The tansig and logsig functions are defined in Eqs. (6) and (7), respectively [20] :
where X j is defined as: In these equations, m is the number of neurons in the output layer, W ij is the weight of connections between layers i and j, Y i is the output of the neurons in layer i, and b j is the bias of the neurons in layer j.
In addition, several back-propagation training algorithms, e.g., scaled conjugate gradient (SCG), Polak-Ribiere conjugate gradient (PCG), BFG quasi--Newton (BFG), and Levenberg-Marquardt (LM) were applied to train the network [31] .
The number of neurons in the input and output layers depend on the input and output variables, respectively. Therefore, for each combination, 4 and 1 neurons were applied to the input and the output layers, respectively. Furthermore, the number of neurons in the hidden layer(s) was determined by calibration through several runs.
In order to improve the generalization of ANN models, in this study, early stopping method was used. The obtained experimental data were divided into three subsets. The first subset was used for computation of the gradient and updating weights and biases of the network (the training subset), the second one was used for prevention over fitting (the validation subset), and the last part was allocated to compare the predicted results (the test subset) [18, 20] . A total of 70% of the data sets obtained from the experiments were applied for the training, 15% for validations, and the remaining 15% to test the model [18, 20, 31] .
The performance of the developed ANNs models was determined based on the least mean square error (MSE) [20] :
where P is the number of output neurons, N is the number of exemplars in the dataset, y ij is the network output for exemplar i at processing element j, and d ij is the desired output for exemplar i at processing element j.
RESULTS AND DISCUSSION

Mathematical modelling of drying curves
Statistical analysis results obtained through fitting experimental moisture ratio data with the mathematical models are shown in Table 2 . As the results show, the Midilli model with sum values of RMSE = = 0.112233 and χ 2 = 0.000559, was found to be the best model for describing drying kinetics of the paddy. In contrast, among the applied models, the Newton model was found to be the worst fit with sum values of RMSE = 1.69229 and χ 2 = 0.096669. In a similar manner, Midilli model has been introduced as the best mathematical model to describe drying curves of some other agricultural crops such as lemon slices [24] , potato pulp waste [32] , apple slices [33] and white mulberry [34] . In order to evaluate the Midilli model, the predicted moisture ratio at any particular drying condition by using the model was compared with experimental data and the results for some randomly selected drying curves are shown in Figure 1 . The results indicate the suitability of the Midilli model in describing the drying kinetics of the paddy. For the other drying conditions, similar results were also obtained.
ANNs prediction of rough rice drying curves Table 3 presents the results of ANNs modelling of the paddy moisture ratio variations during drying process. The effects of hidden layer number and neuron number in each hidden layer on precision of the moisture ratio variation predictions are presented in Table 3 [36] estimated the moisture content of papaya fruit during drying in a cabinet dryer by using artificial neural networks and reported the multi-layer perceptron network with 3-9-1 topology, LM training algorithm and the logsig transfer function as the best network to predict the drying curves.
To assess the performance of the preferred artificial network in modelling rough rice drying curves, the predicted moisture content values were plotted ( Figure 2 ). As presented, the ANN could be successfully used to predict paddy moisture ratio variations during the drying process. Moreover, the variation in the experimental and predicted moisture ratio of the grains is illustrated by randomly selected drying condition, Figure 3 . These figures show very good agreement between experimental data and those obtained from ANN. Similar results were calculated for other drying conditions indicating a suitable prediction.
Comparison between mathematical and ANNs modeling techniques
Based on the obtained results, the applied mathematical models and ANNs could predict variation of moisture ratio values of the rough rice kernels during drying process with high accuracy. However, the Midilli model and the best ANN were compared by using RMSE indicator. For the drying layers at different drying conditions, RMSE values were calculated by using Eq. (4) and the results are listed in Table 4 . As shown, for all the conditions, the ANN performed better in prediction of moisture ratio variation in comparison with the Midilli model. The obtained results indicate the capability of ANNs in predicting the drying curves, especially when we consider the simple arithmetic operations and low computing time of the artificial neural networks. Similar results have been reported in the literature about advantageous application of ANNs and a high accuracy obtained for final selected topologies in predicting drying curves of different products such as Elaeagnus angustifolias [37] , mushroom [38] , papaya fruit [36] and onion [11] . 
CONCLUSIONS
Deep bed column (20 cm) of rough rice kernels was dried using a hot air dryer at different air conditions including four temperature levels (40, 50, 60 and 70 °C) and two flow rate levels (0.4 and 0.9 m s -1 ). The drying bed was divided into 4 thin layers (each 5 cm in height) and the kinetics of the thin layers of the grains was investigated. Among the nine famous mathematical models used for prediction of the drying curves, the Midilli model was found to be the best for describing drying curves according to the minimum RMSE and chi-square values. The different artificial neural networks were examined to predict the variation in moisture ratio of the rough rice during the drying process. The ANN with 4-18-18-1 topology, transfer function of hyperbolic tangent sigmoid and a Levenberg-Marquardt back propagation training algorithm was found to be the best model for prediction of variations in the rough rice moisture content during hot air drying. The comparison between the Midilli model and the best ANN showed that ANN modeling could be effectively used for prediction of grain drying curves.
